The availability of electronic health record (EHR)-based phenotypes allows for genome-wide association analyses in thousands of traits and has great potential to enable identification of genetic variants associated with clinical phenotypes. We can interpret the phenomewide association study (PheWAS) result for a single genetic variant by observing its association across a landscape of phenotypes. Because a PheWAS can test thousands of binary phenotypes, and most of them have unbalanced or often extremely unbalanced case-control ratios (1:10 or 1:600, respectively), existing methods cannot provide an accurate and scalable way to test for associations. Here, we propose a computationally fast score-test-based method that estimates the distribution of the test statistic by using the saddlepoint approximation. Our method is much ($100 times) faster than the state-of-the-art Firth's test. It can also adjust for covariates and control type I error rates even when the case-control ratio is extremely unbalanced. Through application to PheWAS data from the Michigan Genomics Initiative, we show that the proposed method can control type I error rates while replicating previously known association signals even for traits with a very small number of cases and a large number of controls.
Introduction
Over the last decade, genome-wide association studies (GWASs) have proved instrumental to unravelling the genetic complexities of hundreds of diseases and traits and their associations with common genomic variations. To date, thousands of GWASs have identified more than 4,000 significant loci to be associated with human diseases and traits. 1 However, because most GWASs investigate a single disease or trait, they cannot exploit the cross-phenotype associations or pleiotropy, 2 where a single genetic variant can be associated with multiple phenotypes. The phenomewide association study (PheWAS) has been proposed as an alternative approach to take advantage of the pleiotropy phenomenon by studying the impact of genetic variations across a broad spectrum of human phenotypes or ''phenome.'' It is a complementary approach to the GWAS in the sense that whereas a GWAS attempts to identify phenotype-to-genotype associations, a PheWAS uses a genotype-to-phenotype approach. The first PheWAS 3 was published as a proof-ofprinciple study that demonstrated that the PheWAS strategy could be applied to successfully identify the expected genedisease associations. Additional studies [4] [5] [6] [7] [8] have shown that the PheWAS approach can further identify previously unreported disease-SNP associations. 9 The PheWAS approach depends on the availability of detailed phenotypic information. Currently, most PheWASs are applied to clinical cohorts linked to electronic health records (EHRs) and utilize the International Classification of Disease (ICD) billing codes to define clinical phenotypes. The ICD codes provide intuitive phenotype ordering based on clinical disease and trait classifications. Given that the current genotyping and imputation technologies allow for genotyping of tens of millions of variants at a very low cost, 10 an extensive PheWAS can attempt to investigate the genotype-phenotype associations by performing genome-wide association analyses in thousands of traits. We can interpret the PheWAS result of a single genetic variant by observing its associations across the phenome. Such a PheWAS is exhaustive in nature and has great potential to identify variants associated with clinical diseases. One of the main challenges of the PheWAS approach is that most of the phenotypes are binary phenotypes with unbalanced (1:5) or often extremely unbalanced (1:600) case-control ratios (see Figure S1 ), given that the data are collected in cohorts. Although standard asymptotic tests (such as the Wald, score, and likelihood-ratio tests) are relatively well calibrated and asymptotically equivalent 11 for common (minor allele frequency [MAF] > 0.05) variants in balanced case-control studies, they can inflate type I error for low-frequency (0.01 < MAF % 0.05) and rare (MAF % 0.01) variants in unbalanced case-control studies. 12 Moreover, because the Wald and likelihood-ratio tests need to calculate the likelihood or the maximum-likelihood estimator under the full model, which is computationally expensive, they are not scalable for the amount of tests that PheWASs attempt. On the other hand, the score test is computationally efficient because it does not need to calculate the maximum likelihood under the full model. However, as mentioned before, it suffers from having highly inflated type I error rates in unbalanced studies. Ma et al. proposed Firth's penalized likelihood-ratio test 13 as a solution to control the type I error rates in such situations. Firth's test, despite being well calibrated and robust for testing low-frequency and rare variants in unbalanced studies, lacks computational efficiency because it also involves calculating the maximum likelihood under the full model. For instance, the projected computation time for testing 1,500 phenotypes across 10 million SNPs is $117 CPU years (2,000 cases and 18,000 controls). Thus, it is impractical to apply Firth's test for analyzing large Phe-WAS datasets.
In this paper, we propose a score-based single-variant test for binary phenotypes that is well calibrated for controlling type I error and can adjust for covariates even in extremely unbalanced case-control studies. Moreover, our test is computationally efficient and scalable to testing thousands of phenotypes across millions of SNPs in large PheWAS datasets. Our proposed test (SPA) is based on score statistics and estimates the null distribution by using the saddlepoint approximation [14] [15] [16] instead of the normal approximation 17 traditionally used in score tests. We further develop an improvement of our test (fastSPA) that renders the most computationally challenging steps dependent only on the number of carriers (subjects with at least one minor allele) rather than the sample size. This improved test can substantially reduce the computation time, especially for low-frequency and rare variants, where the number of carriers is much lower than the sample size. Our method's projected computation time for testing 1,500 phenotypes across 10 million SNPs is $400 CPU days (2,000 cases and 18,000 controls), which is more than a 100 times better than that of Firth's test. In addition, through extensive simulation studies and analysis of the Michigan Genomics Initiative (MGI) data, we demonstrate that the proposed approach can control type I error and is powerful enough to replicate known association signals.
Material and Methods

Logistic Regression Model and Saddlepoint Approximation Method
We consider a case-control study with sample size n. For the i th subject, let Y i ¼ 1 or 0 denote the case-control status, X i denote the k 3 1 vector of non-genetic covariates (including the intercept), and G i denote the number of minor alleles (G i ¼ 0, 1, 2) of the variant to be tested. To relate genotypes to phenotypes, we use the following logistic regression model:
where b is a k 3 1 vector of coefficients of the covariates, and g is the genotype log odds ratio. Under this model, we are interested in testing for the genetic association by testing the null hypothesis
, which is the probability of being a case under H 0 . A score statistic for g from the model (Equation 1) is given by
T WG is a covariate-adjusted genotype vector in which covariate effects are projected out from the genotypes (details are given in Appendix A). Then, S can be written as
and the mean and variance of S under H 0 are E H0 ðSÞ ¼ 0 and
The traditional score test approximates the null distribution by using a normal distribution, which depends only on the mean and the variance of the score statistic. We can obtain the p value by comparing the observed test statistic (s) and Nð0; V H0 ðSÞÞ. Normal approximation works well near the mean of the distribution but performs very poorly at the tails. The performance is especially poor when the underlying distribution is highly skewed, such as in unbalanced case-control outcomes, 12 because normal approximation cannot incorporate higher moments such as skewness. In addition, the convergence rate of normal approximation [18] [19] [20] is O(n 
and the estimates of the first-and second-order derivatives of K are
respectively. We note that K, K 0 , and K 00 are plug-in estimates in which we plug in b m i instead of m i . Then, according to the saddlepoint method (Barndorff-Nielson 15, 16 ), the distribution of S at s can be approximated by
where 
Implementation Details and Approaches to Reducing Computation Time
The saddlepoint approximation method involves finding the root of the saddlepoint equation K 0 ðtÞ ¼ s. It is easy to verify that K 0 strictly increases as K 00 (t) > 0 for all ÀN < t < N, and
and lim ) to efficiently solve this equation. For our simulation studies and real-data applications, we applied a combination of the NewtonRaphson and bisection method to solve the saddlepoint equations.
The most computationally demanding step in this saddlepoint approximation method is calculating the CGF and its derivatives. Here, we propose several approaches to reducing the computational complexities associated with these calculations. Faster Calculation of the CGF by a Partially Normal Approximation Approach The most computationally intensive step in the saddlepoint method is the calculation of the CGF K and its derivatives. In each step of the root-finding algorithm, we need to calculate K, K 0 , and K 00 , each of which needs O(n) computations. Using the fact that many elements of G are zeroes (i.e., homozygous major genotypes), we propose a fast computation method that speeds up the computation to O(m), where m is the number of nonzero elements in G. Without loss of generality, we assume that the first m subjects have at least one minor allele each and the rest have homozygous major genotypes. We can then express
, and let Z l be the l th element of Z. Then, we can further express S 2 as
where
we assume that the nongenetic covariates are relatively balanced in the sample, then the normal distribution should be a good approximation of the null distribution of each S 2l . Because S 2 is a weighted sum of the S 2l variables, we can also approximate the null distribution of S 2 by using a normal distribution where the mean and variance under H 0 are given by E H0 ðS 2 Þ ¼ 0 and
Then, the CGF of S 2 can be approximated by
and the CGF of S ¼ S 1 þ S 2 can be approximated by
In order to calculate the first two terms on the right side of Equation 3, we will needG i values for i ¼ l, ., m, which can be calculated in O(m) computations given that G has only m non-zero elements and the quantity XðX T WXÞ À1 X T W can be pre-calculated.
Then, the first two terms will require only O(m) computations because both of them sum over m elements. Next, the variance V H0 ðSÞ can be further broken down into
Because X T WX can be pre-calculated and Z is a k 3 1 vector, the first term requires O(k) computations, and the second term requires O(m) computations, which implies that the calculation of V H0 ðS 2 Þ requires O(m) calculations under the assumption that k < m, i.e., the number of non-genetic covariates is smaller than the number of subjects with at least one minor allele each. Hence, the CGF K(t) can be calculated in O(m) computations. Using similar arguments, we can further show that the derivatives K 0 (t) and K 00 (t) can also be calculated in O(m) computations. Therefore, this partially normal approximation reduces the computational complexity of our test from O(n) to O(m), which is especially useful for rare variants, where m is much smaller than n.
Using Normal Approximation near the Mean for Faster Computation
Because the normal approximation behaves well near the mean of the distribution, we can use it to obtain the p value when the observed score statistic (s) lies close to the mean (0). Moreover, saddlepoint approximation can be numerically unstable very close to the mean of the distribution. We can also avoid such situations by using normal approximation near the mean. One possible approach is to use a fixed threshold in which we apply normal approximation to obtain the p value if the absolute value of the observed score statistic, jsj < rs, where s ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffi V H0 ðSÞ p and r is a pre-specified value. For example, we used r ¼ 2 in our simulation studies and real-data analyses. For a given level a, this approach does not inflate type I error rates if r < F
is the inverse function of the standard normal distribution function, F(x).
Alternatively, we can adaptively select the threshold by using the error bound of the normal approximation given by the Berry-Esseen theorem. Suppose we are interested in controlling the type I error rate at level a. Let F n (x) be the true distribution function of the standardized score test statistic S= ffiffiffiffiffiffiffiffiffiffiffiffiffiffi V H0 ðSÞ p . Then, according to Berry-Esseen theorem, [18] [19] [20] the maximum error
Þ and C is a constant. As of now, the best-known estimate for C is 0.56, given by Shevtsova. 25 Suppose p F and p N are F n (x)-and F(x)-based p values, respectively. From the Berry-Esseen theorem, we can show
. Therefore, we use r a s as a threshold at level a in which we will apply normal approximation if jsj < r a s.
Numerical Simulations
To evaluate the computation times, type I error rates, and power of the proposed method, we carried out extensive simulation studies. We considered three different case-control ratios: balanced with 10,000 cases and 10,000 controls, moderately unbalanced with 2,000 cases and 18,000 controls, and extremely unbalanced with 40 cases and 19,960 controls. For each choice of case-control ratio, the phenotypes were simulated on the basis of the following logistic model:
where the two non-genetic covariates X 1i and X 2i were simulated from X 1i $ Bernoulli (0.5) and X 2i $ N(0, 1), respectively. The intercept b 0 was chosen to correspond to a prevalence of 0.01. The genotype G i values were generated from a binomial(2, p) distribution where p was the MAF. The parameter g represents the genotype log odds ratio. (Figure 4 ). For each choice of p and g, we generated 5,000 variants.
We compared the computation times of seven different tests: a traditional score test using normal approximation (Score), the saddlepoint-approximation-based test with a standarddeviation threshold at 0.1 and 2 (SPA-0.1 and SPA-2, respectively), the fast saddlepoint-approximation-based test with the partially normal approximation improvement and a standard-deviation threshold at 0.1 and 2 (fastSPA- For the power comparison, because Score has extremely inflated type I errors in the unbalanced and extremely unbalanced casecontrol scenarios (as shown in the Results), it might not be appropriate to directly compare the power of Score with that of the other two tests at the same nominal a level. In order to provide a more meaningful comparison, we compared their powers at the empirical a levels where their empirical type I errors became 5 3 10 À8 . The empirical a levels were selected on the basis of the type I error simulations, whereby variants were simulated with MAF randomly sampled from the MAF distribution of the MGI data. This approach is similar to performing resampling (e.g., permutation) to control family-wise error rates. We also estimated the powers at the nominal fixed a ¼ 5 3 10 À8 . In order to compare the p values resulting from different tests, we also simulated 5 3 10 À6 variants with MAFs randomly sampled from the MAF distribution of the MGI data. We further compared the inflation factors of the genomic controls at different p value quantiles for fastSPA-2, fastSPA-BE, and fastSPA-0.1 in order to explore the effect of the standarddeviation threshold on the inflation factor.
Application to MGI Data
To illustrate the performance of the proposed methods in realdata application, we analyzed four selected phenotypes in the MGI data. The main goal of MGI is to create an institutional repository of genetic data together with rich clinical phenotypes for a broad portfolio of future medical research. DNA from blood samples of >20,000 individuals who underwent surgical procedures at the University of Michigan Health System was genotyped (with their informed consent) on the Illumina HumanCoreExome v.12.1 array, which is a combined GWAS plus exome array composed of >500,000 SNPs. Genotypes 
Results
Numerical Simulations
We examine the computation time, type I error control, and power of the proposed fastSPA and two existing approaches, Score and Firth's test, across ranges of case-control imbalance and MAFs.
Comparison of Computation Times
The projected computation times for testing 1,500 phenotypes across 10 million variants by different testing methods are presented in Figure 1 . To obtain computation time under realistic scenarios of the MAF distribution, we randomly sampled the MAFs of the simulated SNPs from the MAF spectrum of the MGI data ( Figure S2 ). fastSPA-2 performs 100-300 times faster than Firth's test. In the unbalanced case-control setup of 2,000 cases and 18,000 controls, for example, Firth's test takes 117 CPU years to analyze 10 million SNPs across 1,500 phenotypes, whereas fastSPA-2 takes only 1.09 CPU years. This indicates that on a cluster with 100 CPU cores, the proposed test would require 4 days (without data reading), but Firth's test would need more than a year. When we compare fastSPA and SPA, fastSPA-0.1 performs 4-6 times faster than SPA-0.1 (e.g., 2.90 versus 12.32 CPU years when the case-control ratio ¼ 2,000:18,000), and fastSPA-2 performs 1.5-2 times faster than SPA-2 (e.g., 1.09 versus 1.62 CPU years when the case-control ratio ¼ 2,000:18,000). Expectedly, the computation time for fastSPA-BE is in between the computation times for fastSPA-2 and fastSPA-0.1. fastSPA-BE performs 1.3-1.8 times faster than fastSPA-0.1 and 1.6-2.8 times slower than fastSPA-2 (e.g., 1.09, 1.86, and 2.9 CPU years for fast-SPA-2, fastSPA-BE, and fastSPA-0.1, respectively, when the case-control ratio ¼ 2,000:18,000).
We also recorded the computation times for variants with three different fixed MAFs (0.1, 0.01, and 0.001) in order to assess the effect of MAF on the performance of the tests. Similar to Figure 1 , Table 1 shows the superior performance of fastSPA-2 over all other tests. Moreover, whereas the computation time of SPA increases with decreasing MAFs, which could be due to the slow convergence caused by the discrete nature of the underlying distribution, fastSPA requires less computation time for rarer variants (smaller MAFs) than for more common variants (larger MAFs). This demonstrates the potential of the partially normal approximation improvement in terms of faster computation of the p values, especially for low-frequency and rare variants.
Type I Error Comparison
The type I error rates from 10 9 simulated datasets are presented in Figure 2 . Because of the heavy computation burden for testing these extremely large numbers of da- All computation times are in CPU seconds on an Intel i7 2.70GHz processor. type I error rates in the balanced and moderately unbalanced case-control scenarios (4.7 3 10 À8 and 4.9 3 10 À8 , respectively, at a ¼ 5 3 10 À8 ). Interestingly, it showed slight inflation (7.8 3 10 À8 at a ¼ 5 3 10 À8 ) in the extremely unbalanced scenario. We also estimated empirical type I error rates at six different MAFs ( Figure 3 ). Score had deflated type I error rates for low-frequency and rare variants for the balanced case-control ratio and inflated and extremely inflated type I error rates for moderately and severely unbalanced case-control ratios. fastSPA-2 had overall well-controlled type I error rates regardless of MAF and case-control ratio. Firth's test had either wellcontrolled or slightly conservative type I error rates when the case-control ratio was balanced or moderately unbalanced. However, when the case-control ratio was extremely unbalanced, Firth's test had inflated type I error rates, especially when the minor allele count was small (e.g., 1.33 3 10 À7 and 1.47 3 10 À7 for MAF ¼ 0.0005 and 0.001, respectively, at a ¼ 5 3 10 À8 when the case-control ratio ¼ 40:19,960).
Power Comparison
Next, we compared the power curves of fastSPA-2, Score, and Firth's test. Note that Firth's test is a current goldstandard method. 13 Because Score had greatly inflated type I error rates, we compared the empirical powers of different tests at their test-specific empirical a levels. Figure 4 shows power by odds ratios when the MAF of the variant was 0.05 (top panel) and 0.01 (bottom panel). As expected, the power was higher when the case-control ratio was balanced. The empirical powers of fastSPA-2 and Firth's test were nearly identical for all case-control ratios and MAFs, which suggests that our proposed test does not suffer from any loss in power in comparison with Firth's test. The empirical powers of Score were almost identical to those of fastSPA-2 and Firth's test for the balanced case-control ratio. However, Score showed substantially lower power than the other two tests for the unbalanced case-control ratios as a result of the very small empirical a levels, and the power gap was especially large when the case-control ratio was extremely unbalanced. The simulation results clearly show that the proposed approach improves power over Score when type I error rates are properly controlled. When we used the nominal a ¼ 5 3 10 À8 level instead of the empirical a levels, Score had higher power than the other two approaches ( Figure S3 ) as expected, given that its type I error rates were not controlled.
p Value and Inflation Factor Comparison
To compare p value distributions of various tests, we generated Q-Q plots and calculated the inflation factor (l) of the genomic control. Figure 5 suggests strong deflation (smaller than expected) in the p values from Score in the moderately unbalanced and extremely unbalanced case-control setups, whereas fastSPA-2, SPA-2, and Firth's test resulted in well-calibrated Q-Q plots, which suggests that these methods can control for type I errors. Moreover, the minimum Firth's test p value was 4.8 3 10
À4
for the variants with a fastSPA-2 p value > 5 3 10
À3
among all case-control setups, which justifies our hybrid approach of performing Firth's test only when the fast-SPA-2 p value is less than 5 3 10 À3 in the type I error simulation studies. None of fastSPA-2, fastSPA-BE, and fastSPA-0.1 showed any inflation or deflation in genomic controls (l) in the balanced and moderately unbalanced case-control setups (Table S1 ). In the extremely unbalanced case-control setup, fastSPA-2 resulted in a greatly deflated l (0.48) at the median p value (q ¼ 0.5). Interestingly, fastSPA-BE and fastSPA-0.1 resulted in an inflated l (both 1.83) at q ¼ 0.5, which could be due to the discrete nature of p values. However, when l was measured at p value quantiles q ¼ 0.01 and 0.001, all three tests provided l very close to unity.
Analysis of MGI Data
We applied Score, Firth's test, and fastSPA-2 to the MGI data with four phenotypes: skin cancer, type 2 diabetes, primary hypercoagulable state, and cystic fibrosis, which were selected on the basis of case-control ratios. Figure 6 ) show that Score produced a large number of potentially spurious associations for all of these phenotypes, whereas all of the significant variants from our proposed test at the genome-wide significance level of a ¼ 5 3 10 À8 can be verified as truly associated with the phenotypes on the basis of previous findings (Table 2 ). In the analysis of skin cancer, variants in or near IRF4 (MIM: 601900), MC1R (MIM: 155555), RALY (MIM: 614663), and SLC45A2 (MIM: 606202) were significant at a ¼ 5 3 10 À8 , and all four of these genes were previously identified as associated with pigmentation traits and skin cancers. [31] [32] [33] [34] [35] [36] In the other traits, variants in TCF7L2 (MIM:
602228), F5 (MIM: 612309), and CFTR (MIM: 602421) were significantly associated with type 2 diabetes, 37 primary hypercoagulable state, 38 and cystic fibrosis, 39 respectively, and all of these genes are well known to be associated with the risk of their respective diseases.
The Q-Q plots ( Figure 7 ) also suggest that the p values based on Score are much smaller than expected, especially for low-frequency and rare variants, whereas the p values based on fastSPA-2 closely follow the uniform distribution. We also observed the Manhattan plots ( Figure S4 ) including the imputed variants with MAF < 0.001 in the analysis. The inclusion of rarer variants resulted in extreme inflation in the number of potentially spurious associations for Score. However, our proposed test still produced none to very few new associations. The Manhattan plots and Q-Q plots for Firth's test were almost identical to those of our proposed test. Further, on the basis of the p values from our proposed test, we obtained the inflation factor (l) of the genomic control at different p value quantiles (q) and different MAF cutoffs (Table S2) . Only the imputed variants were removed when we used different MAF cutoffs. The SNPs present on the Illumina HumanCoreExome v.12.1 array were preserved. To evaluate whether using a smaller standard-deviation threshold (r) improves the estimation of l, we also applied fastSPA with r ¼ 0.1 (fastSPA-0.1) and fastSPA with the Berry-Esseen bound threshold at a ¼ 5 3 10 À8 (fastSPA-BE) on these four phenotypes. When all variants were included in the analysis, there was slight inflation (l ¼ 1.11, type 2 diabetes) or great deflation (l ¼ 0.12, cystic fibrosis) at the median level for fastSPA-2. The top and bottom panels show empirical type I error rates at a ¼ 5 3 10 À5 and 5 3 10
À8
, respectively. From left to right, the plots consider case-control ratios 10,000:10,000 (balanced), 2,000:18,000 (moderately unbalanced), and 40:19,960 (extremely unbalanced). In each plot, the x axis represents MAF with the expected minor allele count (MAC) in parentheses, and the y axis represents empirical type I error rates. Empirical type I error rates were estimated on the basis of 10 9 simulated datasets. 95% confidence intervals at different MAFs are also presented.
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However, the genomic controls were very close to unity at q ¼ 0.01 and 0.001. When we considered only the variants with MAF > 0.001, fastSPA-2 did not show any significant inflation in l at the median for skin cancer, type 2 diabetes, or primary hypercoagulable state. However, it showed deflated genomic control for cystic fibrosis (l ¼ 0.63) as a result of the discrete nature of the underlying distribution. However, when we excluded the rare variants and considered only the variants with MAF > 0.01, all four of the phenotypes showed l very close to unity. Neither fastSPA-0.1 nor fastSPA-BE showed a significant inflation or deflation in l at any quantiles or MAF cutoffs, except for cystic fibrosis (both with l ¼ 1.27) when all variants were considered and genomic control was measured at the median level.
Discussion
In this paper, we propose a fast and scalable test for analyzing large PheWAS datasets that is well calibrated even in extremely unbalanced case-control settings. The method uses computationally efficient saddlepoint approximation to accurately calculate p values of score test statistics. We further propose an improved version of our test that substantially reduces the computation time, especially for low-frequency and rare variants. Our proposed test can also adjust for additional covariates. Through extensive numerical studies, we have demonstrated that our test can perform 100-300 times faster than the currently used Firth's test while retaining similar power and well-controlled type I error rates. Analysis of MGI data illustrates that by applying the proposed method to PheWAS datasets, we can identify true association signals while controlling for type I error, even for traits with a very small number of cases and a large number of controls.
Our test calculates p values on the basis of Score if the score statistics lie sufficiently close to the mean. Even though normal approximation is accurate near the mean, those p values might not be well calibrated. In such cases, because the median p values might come from Score, we can encounter a slightly inflated or deflated inflation factor at the median. When the case-control ratio is extremely unbalanced, this phenomenon is more pronounced. One way to circumvent this issue is to measure the inflation factor at more extreme quantiles (0.01, 0.001, etc.) or to exclude rare variants when estimating the inflation factor. Another approach is to decrease the standard-deviation threshold so that the median p values come from the saddlepoint approximation. In the analysis of MGI data, fast-SPA-0.1 produced substantially improved inflation-factor estimates than fastSPA-2. However, the use of threshold 0.1 instead of 2 would increase the computation time The top and bottom panels consider MAF ¼ 0.05 and 0.01, respectively. From left to right, the plots consider case-control ratios 10,000:10,000 (balanced), 2,000:18,000 (moderately unbalanced), and 40:19,960 (extremely unbalanced). In each plot, the x axis represents genotype odds ratios, and the y axis represents the empirical power. Empirical power was estimated from 5,000 simulated datasets at the test-specific a levels where their empirical type I errors were equal to 5 3 10
À8
. from $3 to 4 times. The Berry-Esseen threshold can be viewed as a compromise between these two thresholds. If there is no restriction in computational resource, we recommend using fastSPA-0.1 so that most of the p values are calculated by the saddlepoint approximation. If computational resource is limited, or researchers want to obtain results quickly, either a larger threshold (i.e., fast-SPA-2) or Berry-Esseen bound can be a better choice.
As sequencing costs continue to drop, whole-exome or whole-genome sequencing will be used for PheWASs to identify rare variants associated with clinical phenotypes. 40 In rare-variant association analysis, gene-or region-based multiple-variant tests are commonly used to improve power. 41 When case-control ratios are unbalanced, popular rare-variant tests, including burden tests, SKAT, and SKAT-O, can also have substantially inflated type I error rates. Although resampling-based approaches have been developed to address this problem, 42 the existing methods are not fast enough to be used in PheWASs. One possible approach is to first adjust single-variant score statistics by SPA and then use the adjusted score statistics to control for the type I error. We have left this for future research. In summary, we have proposed an accurate and scalable method for PheWAS data analysis. With the growing effort to build large research cohorts for precision medicine, 40 future PheWASs will have hundreds of thousands of samples and hundreds of millions of variants. Our method will provide a scalable solution for this large-scale problem and contribute to finding genetic components of complex traits. All of our tests are implemented in the R package SPAtest. Zhang et al. 31 Sulem et al., 32 Jacobs et al., 33 and Liu et al. 34 16:89986117 rs1805007 MC1R C>T 0.077 1.86 3 10
À14
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